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a b s t r a c t
One of the issues when interpreting a mammogram is that the density of a pectoral muscle
region is similar to the tumor cells. The appearance of pectoral muscle on medio-lateral
oblique (MLO) views of mammograms will increase the false positives in computer aided
detection (CAD) of breast cancer. For this reason, pectoral muscle has to be identified and
segmented from the breast region in a mammogram before further analysis. The main goal
of this paper is to propose an accurate and efficient algorithm of pectoral muscle extraction
onMLOmammograms. The proposed algorithm is based on the positional characteristic of
pectoral muscle in a breast region to combine the iterative Otsu thresholding scheme and
the mathematic morphological processing to find a rough border of the pectoral muscle.
The multiple regression analysis (MRA) is then employed on this rough border to obtain
an accurate segmentation of the pectoral muscle. The presented algorithm is tested on the
digital mammograms from the Mammogram Image Analysis Society (MIAS) database. The
experimental results show that the pectoral muscle extracted by the presented algorithm
approximately follows that extracted by an expert radiologist.
© 2012 Elsevier Ltd. All rights reserved.
1. Introduction
Breast cancer is the most common cancer in women — which constitutes approximately 25% of all cancers in women,
and every one in eight women develop breast cancer. Successful treatment relies on early detection, and screening
mammography targeting high risk groups is a common practice in developed countries.
Extracting the breast region accurately fromamammogram is a kernel stage formammography. It significantly influences
the overall analysis accuracy and processing speed of the whole breast mass analysis. It is due to the density of a pectoral
muscle region being similar to that of the mammographic parenchyma (tumor). Many studies on tumor detection on a
mammogram have shown that the appearance of pectoral muscle in medio-lateral oblique (MLO) views of mammograms
will increase the false positive in computer aided detection (CAD) of breast cancer [1–3]. Therefore, successful identification
and segmentation of pectoral muscle from the breast region on a mammogram before further analysis should improve the
accuracy when interpreting the mammogram.
Only a few studies have been presented in the literature to address the pectoral muscle detection. Nagi et al. [4]
used morphological preprocessing and seeded region growing to detect the pectoral muscle. Yapa et al. [5] segment the
pectoralmuscle region by utilizing the combination of an improved fast-marchingmethod andmathematicalmorphological
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Fig. 1. The flow chart of the proposed pectoral muscle segmentation algorithm for mammograms.
operators such as areamorphology, alternating sequential filter, openings and closings. Kwok et al. [6] detected the pectoral
muscle edge in a restricted neighborhood derived by estimating the pectoralmuscle edge as a straight line segment, and then
refined the detected edge by surface smoothing. However, the hypothesis of a straight line segment for the representation
of the pectoral muscle edge is not always correct.
Multiple regression analysis (MRA) is a statistical method used to model the relationships between several independent
variables and a dependent variable by fitting an equation to the observed data [7,8]. Numerous experiments have shown
that multiple regression models can be used to make accurate predictions. Multiple regression procedures are very widely
used in the social and natural sciences today [9]. It is also a suitable technique for us tomodify the extracted pectoral muscle
border to increasing the precision of the proposed pectoral muscle segmentation algorithm.
The proposed pectoral muscle segmentation algorithm bases on the positional characteristic of pectoral muscle in a
breast region to combine the iterative Otsu thresholding scheme and the mathematic morphological processing to find
a rough border of the pectoral muscle. Once the pectoral muscle border is extracted, the multiple regression analysis is
then employed on the rough border to obtain an accurate segmentation of the pectoral muscle. The presented algorithm
is tested on the digital mammograms from the Mammogram Image Analysis Society (MIAS) database. The experimental
results show that (i) the pectoral muscle extracted by the presented algorithm approximately follows that extracted by an
expert radiologist, (ii) the proposed scheme is adaptive to large variations in appearance of the pectoral muscle; it remains
effective when the pectoral border is obscured by superimposed muscle tissue or artifacts, (iii) the proposed scheme will
decrease the false positives in computer aided detection (CAD) of breast cancer. The remainder of this paper is organized in
the following order: Section 2 introduces the presented extraction algorithm of pectoral muscle region frommammograms.
Section 3 presents the experimental results. The conclusions of this paper are presented in Section 4.
2. Proposed pectoral muscle segmentation algorithm
In order to construct an accurate pectoral muscle segmentation algorithm for digital mammograms, several schemes are
used in this paper. The overall pectoralmuscle segmentation algorithm for digitalmammograms is shown in Fig. 1. There are
mainly three stages involved in the algorithm: (i) breast region extracted by using modified gradient vector flow (MGVF)
snake, (ii) rough pectoral muscle region detection by using the iterative Otsu thresholding scheme, (iii) pectoral border
modification by utilizing multiple regression analysis. The details of these stages used in the presented pectoral muscle
segmentation algorithm are described in the following subsections.
2.1. Breast region extracted by using modified gradient vector flow (MGVF) snake [10]
To segment a digital mammogram into the breast region and the background is an essential step for pectoral muscle
segmentation. By extracting the breast region, the precision of the pectoral muscle segmentation is increased and the time
consumption is shortened. The breast region extraction algorithm must be fully automated and give correct results for all
digital mammograms. The breast region segmentation by using anMGVF snake is employed in this paper, amethod thatwas
introduced in our previous paper: ‘‘a breast extraction scheme for digital mammograms using gradient vector flow snake’’ [10].
The proposed breast region extracting algorithm integrated the median filtering step, the scale down step, the binarization
processing step, the morphological erosion processing step and novel gradient adjusting step. The median filter step was
used to filter out the noise in amammogram, the scale down stepwas used to resize down themammogram size to speed up
the breast region extraction. The binarization processing step and the morphological erosion processing step were used to
find a rough breast border. The novel gradient adjusting step was applied to get a modified edgemap; and then the gradient
vector flow snake (GVF snake) was employed to obtain an accurate breast border from the rough breast border. This breast
extraction scheme can output the corresponding accurate breast region from an input digit mammogram, and the output
breast region will be used in the following stage to detect a rough border of the pectoral muscle.
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2.2. Detection of pectoral muscle rough border
For obtaining a better initial extraction, the binarization processing stage uses the Otsu thresholding scheme to binarize
the extracted breast region into a black–white image iteratively. The binarization procedure shall be terminated while the
absolute difference ratio of the white area between two adjacency iterations is less than 5%. In addition, if the white area
locates either at the upper left or upper right corner of the breast region, the white region is taken as the rough pectoral
muscle region. Finally, themorphological erosion processing is applied on the rough segmented pectoral muscle area to find
a clearer border of the pectoral muscle area.
2.2.1. Binarization
The binarization step is used to obtain a rough pectoral muscle area from the breast region. On the other hand, the gray
value of the real border of the pectoralmuscle is similar to that of the background in a grayscalemammogram. The presented
algorithm repeats the famousOtsu thresholding scheme to binarize the breast region to determine the roughpectoralmuscle
area. The Otsu thresholding scheme proposed by Otsu (1979) searches an optimal threshold to divide a grayscale image’s
pixels into two classes. The optimal threshold is evaluated by the discriminated criterion which maximizes the separability
between target and background classes. The Otsu thresholding scheme inputs a data set and determines the maximum and
minimum values of the input data set, indicated as Lmin and Lmax. The histogram of the data set is normalized as a probability
distribution by the following equation.
p(l) = n(l)/N, p(l) ≥ 0,
 Lmax
l=Lmin
p(l)∗dl = 1. (1)
Here, n(l) is the number of elements with value l and N is the total number of elements of the data set. We suppose that
all elements of the set are divided into two classes, C1 and C2 by a threshold k. Then, the probabilities of occurrence, ω, and
mean, µ, of each class are evaluated by the following formulas.
ω1 = Pr(C1) = 1N
 k
l=Lmin
n(l)∗dl = ω(k), (2)
ω2 = Pr(C2) = 1N
 Lmax
l=k
n(l)∗dl = 1− ω1 = 1− ω(k), (3)
µ1 =
 k
l=Lmin
l∗ Pr(l|C1)∗dl =
 k
l=Lmin
l∗p(l)∗dl/ω1 = µ(k)/ω(k), (4)
µ2 =
 Lmax
l=k
l∗ Pr(l|C2)∗dl =
 Lmax
l=k
l∗p(l)∗dl/ω2 = (µT − µ(k))/(1− ω(k)), (5)
where
µT = µ(Lmax) =
 Lmax
l=Lmin
l∗p(l)∗dl. (6)
The class variances are evaluated by
σ 21 =
 k
l=Lmin
(l− µ1)2∗ Pr(l|C1)∗dl =
 k
l=Lmin
(l− µ1)2∗p(l)∗dl/ω1, (7)
σ 22 =
 Lmax
l=k
(l− µ2)2∗ Pr(l|C2)∗dl =
 Lmax
l=k
(l− µ2)2∗p(l)∗dl/ω2. (8)
The within-class variance, the between-class variance and the total variance of element-values are defined as follows.
σ 2W = ω∗1σ 21 + ω∗2σ 22 , (9)
σ 2B = ω1(µ1 − µT )2 + ω2(µ2 − µT )2 = ω∗1ω2(µ1 − µ2)2, (10)
σ 2T = σ 2W + σ 2B =
 Lmax
l=Lmin
(l− µT )2∗p(l)∗dl. (11)
Otsu introduced the following two measuring functions to get the optimal threshold kˆ:
kˆ = argmax
Lmin≤k≤Lmax
(σ 2B (k)) = argmax
Lmin≤k≤Lmax
(ω∗1ω2(µ1 − µ2)2), (12)
kˆ = argmin
Lmin≤k≤Lmax
(σ 2W (k)) = argmin
Lmin≤k≤Lmax
(ω∗1σ
2
1 + ω∗2σ 22 ). (13)
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In this paper, the black region in a mammogram is the background, and white regions usually contained the pectoral
muscle. For obtaining a region as the pectoral muscle, the presented algorithm will apply the morphological operation and
connected component scheme on the white regions colored by the Otsu thresholding scheme to extract the pectoral muscle
area in following processes.
2.2.2. Morphological processing
In anOtsu binarizedmammogram, thewhite area located either at the left upper or right upper corner of the breast region
may be the pectoral muscle. For obtaining a better and simple binary image of pectoral muscle, the presented algorithm
adapts the morphological opening operation to delete the non-pectoral-muscle white areas. The structuring element of the
morphological opening operation used in the presented algorithm is a disk with radius 2 pixels.
2.2.3. Extract pectoral muscle border
Many non-pectoral-muscle white areas still remain in the binary mammograms that have been operated by the
morphological opening operation, but they don’t locate at either the left upper or right upper corner of the breast regions.
The presented algorithm utilizes the location characteristic of the pectoral muscle in a breast region to extract the upper
left or upper right corner white area as the pectoral muscle area I. Those white areas located outside the left upper and
right upper corners will be set to be the background IB, and the gray levels of IB are reset as zero (black). The initial pectoral
muscle border is extracted by subtracting the eroded IB from the IB before eroding.
2.3. The modification of pectoral muscle border using multiple regression analysis [9]
When performing experiments, data are frequently tabulated in the form of ordered pairs (x1, y1), (x2, y2), . . . , (xn, yn)
with each xi distinct. Given the data, it is then usually desirable to be able to predict y from x by finding a mathematical
model, that is, a function y = H(x) that fits the data as closely as possible. One way to determine how well the function
y = H(x) fits these order pairs (x1, y1), (x2, y2), . . . , (xn, yn) is to measure the sum of squares of the errors (SSE) between
the predicted values of y and the observed values yi for all of the n data points.
Multiple regression is one of the widely used statistical techniques [11]. This technique is used to find a polynomial
function of degree k, y = β0 + β1x + β2x2 + · · · + βkxk as the predicting function, that has the minimum of the sum
of squares of the errors(SSE) between the predicted values of y and the observed values yi for all of the n data points
(x1, y1), (x2, y2), . . . , (xn, yn). The values of β0, β1, β2, . . . , and βk that minimize
SSE(β0, β1, . . . , βk) =
n
i=1
[yi − (β0 + β1xi + β2x2i + · · · + βkxki )]2, (14)
are obtained by setting the k + 1 first partial derivatives ∂
∂β0
SSE(β0, β1, . . . , βk), ∂∂β1 SSE(β0, β1, . . . , βk), . . . , and
∂
∂βk
SSE(β0, β1, . . . , βk) equal to zero, and solving the resulting simultaneous linear system of the so-called normal
equations:
nβ0 + β1
n
i=1
xi + β2
n
i=1
x2i + · · · + βk
n
i=1
xki =
n
i=1
yi, (15)
β0
n
i=1
xi + β1
n
i=1
x2i + β2
n
i=1
x3i + · · · + βk
n
i=1
xk+1i =
n
i=1
xiyi, (16)
β0
n
i=1
xki + β1
n
i=1
xk+1i + β2
n
i=1
xk+2i + · · · + βk
n
i=1
x2ki =
n
i=1
xki yi, (17)
and the matrix form solution of the normal equations system is
β0
β1
β2
:
βk
 = B = XTX−1 XTY  , (18)
where
X =

1 x1 x21 · · · xk1
1 x2 x22 · · · xk2
1 x3 x23 · · · xk3: : : ::: :
1 xn x2n · · · xkn
 , Y =

y1
y2
...
yn
 . (19)
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Fig. 2. The output of each steps of the presented algorithm, (a) breast region extracted by usingMGVF snake, (b) after Otsu thresholding andmorphological
processing one time, (c) after Otsu thresholding and morphological processing two times, (d) after position detecting, (e) extracted pectoral muscle rough
border, (f) final extracted pectoral muscle.
The multiple regression analysis is then applied to the pectoral muscle border obtained in the previous section to
determine the more precise pectoral muscle border. Fig. 2 shows the output of each step of the presented algorithm.
3. Experimental results
The presented pectoral muscle segmentation scheme was applied to the Mammogram Image Analysis Society (MIAS)
database. This MIAS database has 322 mammograms and each mammogram is 50 um/pixel. The size of a mammogram is
1024*1024 with a bit-depth of 8 bits ([0, 255]). All the 322 mammograms have been tested to find that 150 mammograms
have pectoral muscle and 172mammograms do not have any pectoral muscle. Each of these 150 pectoral muscles including
mammograms are labeled by an expert radiologist with hand carefully to construct the ground truth extraction for
evaluating the presented algorithm’s extractions.
Segmentation results are analyzed according the normalized performance metrics rather than the number of pixels of
the areas between the true and computed boundaries to show the different performance features of the segmentation
algorithms. These normalized performance metrics are mean error (ME1) function, misclassification error (ME2) function,
relative foreground area error (RFAE), extraction error rate (EER), region non-uniformity (NU), and modified Hausdorff
distance (MHD) [12,13,11]. ME1, ME2, RFAE, EER and MHD are varying from 0 for a perfectly correct segmentation to 1
for a completely error case. These performance measures are illustrated as follows:
(i) TheME1 function is defined as:
ME1 =
n
i=1

(x_mi − xi)2 + (y_mi − yi)2/n, (20)
where n is total number of pectoral muscle border points, (x_mi, y_mi) is the Cartesian coordinate of the i-th point of
the manual border of the pectoral muscle, and (xi, yi) is the Cartesian coordinate of the detected pectoral muscle point
which is closest to the i-th point of the manual border of the pectoral muscle. If the manual border and the detected
border are closer, the value ofME1 is closer to zero.
(ii) The misclassification error (ME2) evaluates the inaccuracy of an algorithm which is defined as:
ME2 = 1− (TP + TN)/(TP + FN + TN + TP) = (FN + FP)/(TP + FN + TN + TP), (21)
where TP, TN, FP , and FN represent the areas of true positive, true negative, false positive and false negative,
respectively.
(iii) The relative foreground area error (RFAE) evaluates the regionmismatch between the extracted object and the ground-
truth object and is defined as:
RFAE =

(TP + FN)− (FP + TP)
TP + FN =
FN − FP
TP + FN if (FP + TP) < (TP + FN)
(FP + FN)− (TP + FN)
FP + TP =
FP − FN
FP + TP if (FP + TP) ≥ (TP + FN)
, (22)
where FP + TP indicates the extracted object while TP + FN denotes the ground-truth object.
(iv) The extraction error rate (EER) evaluates the failure rate of the algorithm. It is the summation of under-extraction rate
(UER) and the over-extraction (OER) rate and is defined as:
EER = UER+ OER = FN/(TP + FN)+ FP/(TP + FN). (23)
(v) The region non-uniformity (NU) evaluates the distinguishable quality between the extracted objects and background.
It does not require a ground-truth image and is defined as:
NU = TP + FP
(TP + FP)+ (TN + FN) ×
σ 2e
σ 2
, (24)
where σ 2e denotes the variance of the extracted object and σ
2 is the variance of the original image.
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Table 1
The MOEs of the pectoral muscle border of mdb005 obtained by MRA with a polynomial of degree n, n = 1, 2, . . . , 10.
Poly. Degree 1 2 3 4 5 6 7 8 9 10
ME1 0.3411 0.2957 0.2062 0.1812 0.1803 0.1803 0.1803 0.1803 0.1803 0.1803
ME2 0.0371 0.0335 0.0219 0.0179 0.0173 0.0172 0.0172 0.0172 0.0172 0.0172
RFAE 0.0042 0.0038 0.0027 0.0020 0.0020 0.0020 0.0019 0.0019 0.0019 0.0019
EER 0.0130 0.0097 0.0085 0.0079 0.0076 0.0077 0.0077 0.0076 0.0076 0.0076
NU 0.0258 0.0224 0.0186 0.0152 0.0148 0.0149 0.0148 0.0148 0.0148 0.0148
MHD 0.3018 0.2503 0.1831 0.1456 0.1410 0.1410 0.1410 0.1410 0.1409 0.1409
Fig. 3. The pectoral muscle border of mdb005 constructed by MRA with different degree polynomials; (a) original mammogram, (b) ground truth labeled
by an expert radiologist, (c) degree 1, (d) degree 2, (e) degree 3, (f) degree 4, (g) degree 5, (h) degree 6, (i) degree 7, (j) degree 8, (k) degree 9, (m) degree 10.
(vi) ThemodifiedHausdorff distance (MHD) is utilized to assess the shape similarity of the extracted objectOe to the ground-
truth object Og , which is defined as:
MHD(Oe,Og) = 1|Og |

p∈Og
d(p,Oe), (25)
where |Og | is the pixel number of the ground-truth object Og , d(p,Oe) is the distance from pixel p to the extracted
object Oe which is defined as:
d(p,Oe) = min{distance(p, q)|q ∈ Oe}, (26)
where distance(p, q) is the Euclidean distance between pixels p and q.
Fig. 3 shows the pectoral muscle borders of mdb005 constructed by MRA polynomials with different degrees to
demonstrate the performance in vision of the variation of the degrees of the MRA polynomials. Table 1 shows the
corresponding MOEs of Fig. 3. Table 1 illustrates that the pectoral muscle border constructed with degree one polynomial
for mdb005 is the worst, and the pectoral muscle border constructed with degree ten polynomial for mdb005 is the best.
Although both Fig. 3 and Table 1 show that the higher degree polynomial fitting functions have higher accuracy for pectoral
muscle border detection, they also show that the precisions of the pectoral muscle borders fitted by polynomials with
degrees more than four are almost the same. Hence, the degree five polynomial is taken as the optimal polynomial for
the proposed pectoral muscle segmentation not only to reduce the complexity and the time consumption, but also to obtain
the highly accurate segmentation.
To demonstrate the better performance of the proposed algorithm compared to the other related schemes, the scheme of
Ferrar et al. [14] is used as a comparison. The performance comparison between the proposed and the Ferrar et al. schemes
for the segmentation results for the 322 mammograms of the Mammogram Image Analysis Society (MIAS) database are
illustrated in Fig. 4, Tables 2 and 3.
Fig. 4 is given to compare the visual results obtained by using Ferrar et al. and the proposed schemes on six pectoral
muscles includingmammograms. In Fig. 4, row 1 shows the visualizations of six original mammograms for experiment, row
2 shows the corresponding ground truth of pectoral muscle labeled by an expert radiologist with hand carefully. Rows 3 and
4 show the corresponding segmentation results obtained by using the method of Ferrar et al. and the proposed algorithm,
respectively.
The pectoral muscle may appear on the mammogram as very small or very large, as convex or concave with different
curvatures as shown in Fig. 4(a)–(e). They were all segmented accurately to show that the proposed algorithm is adaptive to
variations in pectoral muscle size, density and curvature. Fig. 4(a)–(d) show that although the pectoral muscles are obscured
by tapes of different thickness, they were all segmented successfully. The results illustrate that the proposed segmentation
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Fig. 4. The visual results obtained by using Ferrar et al. and the proposed schemes on six pectoral muscle including mammograms of the Mammogram
Image Analysis Society (MIAS) database.
Table 2
The corresponding six MOEs of the segmentation results obtained by using Ferrar et al. and the proposed schemes on the six pectoral muscle including
mammograms in Fig. 4.
Mammogram ME1 ME2 RFAE EER NU MHD
Ferrar
et al. [14]
Proposed Ferrar
et al. [14]
Proposed Ferrar
et al. [14]
Proposed Ferrar
et al. [14]
Proposed Ferrar
et al. [14]
Proposed Ferrar
et al. [14]
Proposed
Mdb003 1.0109 0.8582 0.4271 0.4036 0.0766 0.0690 0.0597 0.0597 0.1249 0.1249 0.8425 0.8425
Mdb005 0.3411 0.1803 0.0371 0.0173 0.0042 0.0020 0.0130 0.0076 0.0258 0.0148 0.3018 0.1410
Mdb028 1.6287 0.7023 0.2248 0.0847 0.0855 0.0086 0.0270 0.0061 0.0184 0.0042 1.5336 0.5218
Mdb044 0.9068 0.6801 0.3856 0.0814 0.0647 0.0063 0.0472 0.0050 0.0936 0.0038 0.5369 0.5574
Mdb095 0.1303 0.1141 0.0016 0.0015 0.0000 0.0000 0.0050 0.0048 0.0002 0.0002 0.1273 0.0983
Mdb123 20.958 20.695 0.7880 0.7169 0.0852 0.0784 0.5709 0.5206 0.1427 0.1382 12.977 12.558
Table 3
The averages and the ranges (minimum–maximum) of MOEs for the 150 pectoral muscle including mammograms of the MIAS.
Scheme ME1 ME2 RFAE EER NU MHD
Ferrar et al. [14] 2.2103 0.0114 0.0110 0.0299 0.0051 2.0088
(0.1075–23.6711) (0.0013–0.7545) (0.0000–0.1537) (0.0045–0.1225) (0.0002–0.1696) (0.1835–14.7111)
Proposed 1.7188 0.0083 0.0056 0.0134 0.0014 0.8702
(0.1102–22.6817) (0.0011–0.7380) (0.0000–0.1281) (0.0027–0.1092) (0.0001–0.1688) (0.0858–13.7255)
algorithm is robust against artifacts such as sticky tapes. Sometimes there may be several sharp corners on the boundary of
the pectoralmuscle region [see Fig. 4(e)] to cause poor segmentation of low degreeMRA. This case can be easily improved by
increasing the degree of MRAwith little processing time cost. However, in a small number of cases, there may be more than
one layer of muscle tissue in the pectoral region and more than one edge may be detected. In such cases the detected curve
is more likely to be placed at the upper edge rather than at the lower edge. The reasons for this are that (i) the initial pectoral
muscle border extraction scheme uses histogram thresholding instead of edge detection to find the edge; and (ii) the initial
pectoral muscle region grows from the upper right or left corner area by merging its neighborhood pixels. Therefore, the
upper edge is more likely to be extracted. Fig. 4(f) shows pectoral muscle with two edges of different edge strengths and the
upper edge is extracted as the pectoral muscle border. The axillary muscle tissue is not normally seen on the MLO view, and
it is frequently the result of poor positioning.
The corresponding six MOEs of the segmentation results obtained by using Ferrar et al. and the proposed schemes on six
pectoralmuscles includingmammograms are summarized in Table 2. FromTable 2, the proposed algorithmachieves smaller
MOEs than the method of Ferrar et al.. Both Fig. 4 and Table 2 clearly show that the Otsu thresholding scheme together
with multiple regression analysis scheme provides a much better result than the method of Ferrar et al. for segmenting the
pectoral muscle from breast regions.
The averages and the ranges (minimum–maximum) of MOEs for the 150 pectoral muscles including mammograms of
the MIAS database are given in Table 3. Table 3 shows that all the averages and the ranges of the six MOEs of the method
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of Ferrar et al. are much larger than that for the proposed scheme. These facts indicate that the proposed method provides
more consistent results than the method of Ferrar et al.. The method of Ferrar et al. is very accurate for a straight line
segment pectoral muscle border. Since many mammograms’ pectoral muscle edge curves away from the chest wall toward
themiddle and lower-half of the images, the segmentation accuracy of pectoralmuscle in themethod of Ferrar et al. degrades
significantly while a mammogram pectoral muscle border is not a straight line segment. The proposed method takes an
additional step, the multiple regression analysis step, to modify the pectoral muscle border extracted by the iterative Otsu
thresholding scheme. Compared to the method of Ferrar et al., the accuracy is much higher in the proposed method. Table 3
shows that the proposed scheme can give precise extractions for pectoral muscles from mammograms.
4. Conclusions
Breast cancer is the most common cancer in women — which constitutes approximately 25% of all cancers in women,
and every one in eight women develop breast cancer. Successful treatment relies on early detection, and screening
mammography targeting high risk groups is a common practice in developed countries. Extracting the breast region
accurately from a mammogram is a kernel stage for mammography. The appearance of pectoral muscle in medio-lateral
oblique (MLO) views of mammograms can increase the false positives in the computer aided detection (CAD) of breast
cancer. For this reason, pectoral muscle has to be identified and segmented from the breast region in a mammogram before
further analysis.We have proposed an accurate and efficient algorithm to automatically segment the pectoralmuscle inMLO
mammograms. The proposed algorithm is based on the positional characteristic of pectoral muscle in a breast region and
combines the iterative Otsu thresholding scheme andmathematic morphological processing to find the rough border of the
pectoralmuscle. Themultiple regression analysis is then employed to overcome the limitation of the straight-line hypothesis
imposed by other algorithms to obtain the accurate segmentation of the pectoral muscle. The presented algorithm is tested
on 150 pectoral muscles including digital mammograms from the Mammogram Image Analysis Society (MIAS) database. In
the experiments, several measures of errors, such as mean error (ME1) function, misclassification error (ME2) function,
relative foreground area error (RFAE), extraction error rate (EER), region non-uniformity (NU), and modified Hausdorff
distance (MHD) were conducted to measure the performance of the proposed algorithm. With reference to the manually
demarcated pectoral muscle regions, the segmented regions provided by the proposed scheme resulted in low average
ME1, ME2, RFAE, EER and MHD with 1.7188, 0.0083, 0.0056, 0.0134 and 0.8702, respectively. The experimental results
show that the pectoral muscle extracted by the presented algorithm approximately follows that extracted by an expert
radiologist. The experimental results also show that the proposed scheme is adaptive to large variations in the appearance of
the pectoral muscle; it remains effectivewhen the pectoral border is obscured by superimposedmuscle tissue or artifacts. In
the future we will develop a high performance breast mass analysis based on accurate breast region segmentation to power
the computer aided detection of breast cancer.
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